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Abstract
Cryptocurrencies and Blockchain-based technologies are disrupting all mar-
kets. While the potential of such technologies remains to be seen, there is a current
need to understand emergent patterns of user behavior and token adoption in or-
der to design future products. In this paper we analyze the social dynamics taking
place during one arbitrary day on the ERC20 platform. We characterize the net-
work of token transactions among agents. We show heterogeneous profiles of user
behavior, portfolio diversity, and token adoption. While most users are specialized
in transacting with a few tokens, those that have diverse portfolios are bridging
across large parts of the network and may jeopardize the system stability. We
believe this work to be a foundation for unveiling the usage dynamics of crypto-
currencies networks.
1 Introduction
During the last years we have experienced an explosion of applications and solutions
based on Blockchain technologies [1, 2]. Bitcoin and other platforms such as Ethereum
have implemented and established decentralized ledgers to perform transactions us-
ing digital currencies and tokens worldwide. On these platforms, transactions occur
through a distributed system that validates operations by making collective decisions
rather than querying centralized authorities. While many researchers and innovators
are currently working on creating new applications for this type of technologies [3], it
is a current challenge for product developers to understand how people behave, inter-
act and self-organize in such systems. Human behavioral patterns reveal choices and
preferences [4] which can inform product development models [5] for solving critical
issues such as token adoption and valuation [6, 7, 8].
Blockchain based solutions can be understood in the framework of multi-layered
systems [9, 10]. A web of computers at the bottom layer compete with each other for
validating transactions and storing them on the chain. This process is called mining and
comprises the technical side of the platform. Mining is the mechanism that ensures se-
cure decentralized operations [11]. Miners can be rewarded for validating transactions.
Transactions are first validated locally against a copy of the ledger and later contrasted
with results from other miners before final inclusion on the chain. The security [12],
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privacy [13] and scalability [14] of these tasks are major technological challenges for
the future development of tokenized systems.
Another network runs on top of miners which is a social network [15, 16, 17]. In
this network, users (and robots) perform transactions with each other. These trans-
actions can consist of money transfer or other applications depending on the token
and associated service. Understanding the structure and dynamics of social networks
[18, 19, 20], as well as user behaviors more generally, is crucial for designing new prod-
ucts and evaluating the performance of current ones [21]. The complexity of possible
behaviors is measured in terms of information [22] and capturing it is fundamental for
building strategies that deal with changing environments [23].
ERC20 is a protocol to implement tokens on Ethereum–the platform of the ETH
crypto-currency. Tokens are created with smart contracts [24, 25], which consist in
software that runs when transactions are performed. Transactions are based on tokens,
which are assigned to specific contracts. Users can either buy ETH or tokens of other
contracts. Not all contracts are open to the public. Some of them are closed and private.
Analogously, not all tokens have an economic purpose [26]. Tokens can symbolize
company shares, property documents, or supply chain steps, among others.
Tokens may revolutionize economic activities. Current developments include new
ways to raise funds for projects and entrepreneurs, as well as new ways to deploy and
monetize digital applications for innovators [27]. Different economic activities may
tune the currency they operate with in order to satisfy their particular needs [9]. Some
activities require tokens to be adopted in order to interact with the service, while other
tokens can be simply acquired and held in the wallet. Understanding the reasons for
token adoption and use is a major challenge for Blockchain product developers. The
large variety of use purposes and services makes it non-trivial to guess the value and
potential adoption of tokens. Access to data provides the opportunity to measure and
observe the current use of Blockchain services and learn from their statistical proper-
ties.
In this work we study the social network that arises during transactions on the
ERC20 platform during an arbitrary day. In a previous work [28], we showed that the
transaction network reached a stable, complex topology over time [29]. That study val-
idated the application of network analysis for understanding the structure of tokenized
networks. Here we further investigate the complex structure of the transaction network
and characterize token adoption and transaction activity. We show heterogeneous user
roles and behaviors in terms of transaction diversity and activity. We also characterize
tokens in terms of emergent adoption and properties in the transaction network.
In section 2 we present our data set and describe how we construct the networks. In
section 3 we show visualizations and properties of the transaction network, including
those of users and tokens. In section 4 we discuss our results and provide conclusions.
2 Methods and Data
We use transaction data from the ERC20 platform on Nov 4th, 2018. Each record
represents a transaction. It includes a time stamp and identifiers for the seller, buyer
and token. Identifiers are formatted by hashcodes. The dataset has a total of 150,506
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Property Value
Average shortest path length 6.23
Average clustering 0.03
Degree assortativity -0.2
Table 1: Network properties of the ERC20 transaction network giant component.
records, regarding 2,718 tokens and 86,810 users. Out of the total, 52,446 users are
exclusive buyers, 15,398 users are exclusive sellers and 18,966 users do both activities.
In order to analyze transaction activity on ERC20, we create a social network.
Users are represented as nodes. Edges represent token transactions. Edges are directed
from user i (seller) to j (buyer) and weighted by the total number of transactions be-
tween i and j. Each transaction is associated with a token. Therefore, edges also
represent the set of tokens exchanged between i and j.
3 Results
Visualizations of the transaction network are presented in Figures 1 (full network) and
2 (giant component). Users are represented by dots and connections indicate trans-
actions. Distinct edge colors represent transacted tokens. If a couple users exchange
more than one token, the edge is colored according to the mostly transacted one. The
structure of this network is comprised by a set of disconnected components (Figure 1
bottom) and one giant component (Figure 1 top left and Figure 2). The disconnected
components are usually associated to a single token. Their adoption size ranges widely,
from a couple or few users (located at the bottom of Figure 1) up to several hundreds
(located at the top of Figure 1). These colored modules are respectively paired to smart
contracts and tokenized services. Network representations inform about structural pat-
terns of token adoption beyond the total number of adopters.
The larger disconnected components in Figure 1 present a hub-spoke structure.
They respectively consist of a few sellers per tokens (two in a few cases) transacting
with multiple buyers exclusively. By sorting components by number of users, the figure
shows the progression of token adoption from a single transaction up to the hub-spoke
structures. Some tokens are aggregated with each other in the giant component as
intermediary users trade and bridge across communities. The properties of the giant
component network are presented in Table 1. The small world effect is present, and
clustering is low (the network is very sparse). The degree assortativity is negative,
indicating that hubs are usually connected to lowly connected users rather than to other
hubs.
The giant component presents two dominant behaviors labeled A and B in Figures
1 and 2. The region A of the giant component is dominated by a few hubs whose
tokens represent an important share of the transactions (Figure 1A and 2A). Hubs are
not directly connected to each other. Instead, a chain of intermediate users connect
hubs. For example, 3 to 4 users connect the purple and green hubs shown in Figure 2
(bottom panel). On both sides, the first hops transact the same token as the hubs, and
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Figure 1: ERC20 transaction network during an arbitrary day. Nodes represent users,
edges represent transactions and colors indicate the token being transacted. There are
multiple disconnected components associated to different tokens and a giant compo-
nent shown in the upper left. (A) shows a region of three dominant clusters and (B)
shows a region of high token mixing.
4
only an intermediate couple users exchange the two different tokens. The extension of
tokens across the network follows an exponential distribution with an average of 2.48
hops and a maximum of 19 hops.
The region B of the giant component in Figures 1 and 2 presents a different behavior
than the hub-spoke structures observed in region A. In region B, users are densely
connected to each other through a diverse variety of small tokens. This diverse region
is also shown in the giant component visualization in Figure 2B. In this visualization,
tokens representing less than 0.1% are colored in black and the diverse region is shown
as an entangled black sub-network in the upper left corner.
The behavior of token adoption is highly heterogeneous. While some tokens are
widely exchanged and belong to the giant component shown in Figure 1, others are
isolated and hardly used. The complementary cumulative distribution of transactions
per token is presented in Figure 3A. The distribution follows a power law with exponent
γ = 1.79. The power law distribution indicates that while most of tokens are trans-
acted only a couple times, there is a minority of highly popular tokens that are widely
adopted. Those tokens dominate the network and concentrate the large majority of
transactions.
Most users buy or sell just a couple of tokens while a very few of them transact with
multiple ones– up to hundreds. The complementary cumulative distribution (CCDF)
of tokens by user is presented in Figure 3C, for both buyers (blue) and sellers (red)
respectively. Most users are specialized in trading with a given token. A minority of
users buy and sell with diverse portfolios. A regression analysis of the diversity of
portfolios as a function of network properties is presented in Table 2 and discussed
below.
There are more buyers than sellers in the dataset. While most tokens are either sold
or bought by a very few users, there is a set of tokens that are adopted by the large
majority of users. The complementary cumulative distribution of users per token is
presented in Figure 3B. The blue curve shows the number of buyers per token and the
red curve shows the number of sellers. These distributions also follow a power law
behavior across multiple orders of magnitude. In this case the tail of buyers (γ = 1.81)
decays slower than the tail of sellers (γ = 2.03). That means that the number of tokens
with a large variety of buyers is higher than the number of tokens with a large variety
of sellers.
Sellers are fewer yet concentrate most transactions. The complementary cumulative
distribution of transactions per user is presented in Figure 3D for both buyers (blue) and
sellers (red). Both distributions follow a power law behavior across multiple orders of
magnitude (γ = 2.08 for buyers and γ = 1.90 for sellers). This indicates that while
most users sell or buy just a couple of tokens at most, there is a minority of highly
active users who account for most of the transactions. These users are on the tail of the
distributions and more frequent in the case of sellers than buyers. While tokens have
more buyers than sellers, the latter concentrate more transactions.
In order to understand the behavior of buyers and sellers and their token adoption,
we present a scatter plot with the number of buys and sells per user in Figure 4. Dots
indicate users and color indicates the number of transacted tokens. There are three
dominant user behaviors: buyers, sellers and both (shown in the dot location); as well
as two types of token portfolios: specialized and diversified (shown in the dot color).
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Figure 2: Giant component of ERC20 transaction network during an arbitrary day.
Nodes represent users, edges represent transactions and colors indicate the token being
transacted. (A) shows a region of three dominant clusters and (B) shows a region
of high token mixing. In the bottom panel, two of the influential clusters trade with
a specific toke, while the other one trades with multiple ones. Hubs and tokens are
usually connected by several hops. The edge extension is shown by the direction of the
arc.
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Figure 3: Token adoption statistical behavior. Complementary cumulative distribution
(CCDF) of (A) the number of transactions per token, (B) the number of tokens trans-
acted per user, (C) number of users per tokes, (D) the number of transactions per user.
Token sellers are represented in red and buyers in blue. The black dashed lines show
the fitted curve: f(x) = ax−(γ−1). x ∈ (10, 1000) in panels A. Respective γ values
are shown in the legend.
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Figure 4: Scatter plot of the number of sells and buys per user. Dots indicate users.
Color and size are proportional to the number of tokens transacted by user. Scale on
figure.
8
Sells Buys Distance Clustering Eigenvector Closeness
Diversity 0.33 0.35 -0.16 -0.08 -0.07 -0.01
Table 2: Regression coefficients of predicting number of transacted tokens by user
(diversity) as a function of network properties: number of sells, number of buys, aver-
age distance to others on the network, clustering coefficient, eigenvector centrality and
closeness centrality. The model R2 = 0.38.
Users located above the diagonal mostly buy tokens, while users located below the
diagonal mostly sell them. These users are predominantly specialized in a given token
(blue dots), although some have diverse portfolios (red dots). Other users are located
along the diagonal, indicating that they buy and sell in equal quantities. Most of these
users transact with a large set of tokens (orange and red dots) and only a few of them
are specialized in a given token.
We applied a regression analysis to understand the relationship between portfolio
diversity and other network metrics. The regression coefficients are presented in Table
2. We observe that diversity of tokens is positively correlated with buys and sells as
we showed in Figure 4 and negatively correlated with distance and clustering. Diverse
users are closer than usual to most people, but connect groups that are not connected
to each other or to other groups. That topology is observable in the groups of nodes
around hubs shown in Figures 1 and 2.
4 Discussion
The ERC20 transaction network has properties that resemble social networks from
other types of human activities and communication media [30, 31]. For example, Twit-
ter communication networks also present similar hub-spoke structures, where influen-
tial users get retweeted by less popular ones. Eventually a set of users retweet more
than one source and link these communities, creating the giant component where most
of the information flows. The reason behind such similarities is rooted in the complex-
ity of social systems. Cohesive groups are integrated with other groups in the large
scale by means of weaker ties [32]. More generally, the emergence of network giant
components can be framed in random network generation models that present phase
transitions [33]. Nodes are initially connected to a few others, generating multiple
small communities. These communities are slowly aggregated with each other, until a
few edges connect them and a giant component emerges at larger scales.
We have shown that users and tokens have heterogeneous behaviors in terms of the
number and diversity of transactions. Diversification and specialization of portfolios
have direct consequences on the fragility of strategies to market changes [34]. Spe-
cialized portfolios are more sensitive to changes in prices and consumer behaviors, as
opposed to diversified sets of assets. However, only a few users seem to be perform-
ing diversified transactions. These few users connect communities by bridging and
exchanging tokens. While their portfolios might be the most robust to market changes,
the system could become vulnerable to their failure, miss-behavior or attack.
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In terms of the heterogeneous number of transactions, a large set of users and tokens
show very little activity, while a few of them dominate transactions. This seems to be
in contrary to the idea of decentralization proposed by crypto-currencies. However, the
centralization of resources occurs at the social level and not on the medium to transact
(i.e. banks or distributed ledgers). Emergent accumulation of transactions per user is
possible in the presence or absence of centralized authorities. It is imperative to bridge
social policies and technology in order to create future tokens and means of exchange
that controls for the emergence of inequality and create better societies.
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